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1
NATURAL LANGUAGE PROCESSING
PAYLOAD GENERATION

BACKGROUND

The present disclosure relates generally to the field of
natural language processing, and in particular, to natural
language processing payload generation.

There is an immense amount of textual data generated
daily. This data may be unstructured and may contain
complex patterns as a result of differences in languages,
dialects, mediums of generation, and cultural variations.
Natural language processing (NLP) is a field of computer
science focused on processing and understanding this textual
data.

SUMMARY

Embodiments of the present disclosure are directed to a
method, system, and computer program product for NLP
payload generation. An input text that is also transmitted to
a text processing service can be received. Characterizing
information can be extracted from the input text. A text
payload can be generated using the characterizing informa-
tion. A performance test can be run on the text payload.

The above summary is not intended to describe each
illustrated embodiment or every implementation of the pres-
ent disclosure.

BRIEF DESCRIPTION OF THE DRAWINGS

The drawings included in the present disclosure are
incorporated into, and form part of, the specification. They
illustrate embodiments of the present disclosure and, along
with the description, serve to explain the principles of the
disclosure. The drawings are only illustrative of typical
embodiments and do not limit the disclosure.

FIG. 1 is a block diagram illustrating an example com-
puting environment in which illustrative embodiments of the
present disclosure can be implemented.

FIG. 2 is a block diagram illustrating another example
computing environment in which illustrative embodiments
of the present disclosure can be implemented.

FIG. 3 is a block diagram illustrating an example com-
puting environment including a payload generation module,
in accordance with embodiments of the present disclosure.

FIG. 4 is a diagram depicting a table having sentence
structure patterns, a table having frequent terms per part of
speech, and a table depicting the population of payloads by
filling terms into a sentence structure pattern, in accordance
with embodiments of the present disclosure.

FIG. 5 is a flow-diagram depicting an example method for
generating payloads based on received input text, in accor-
dance with embodiments of the present disclosure.

FIG. 6 is a diagram illustrating a cloud computing envi-
ronment, in accordance with embodiments of the present
disclosure.

FIG. 7 is a block diagram illustrating abstraction model
layers, in accordance with embodiments of the present
disclosure.

FIG. 8 is a high-level block diagram illustrating an
example computer system that can be used in implementing
one or more of the methods, tools, modules, and any related
functions described herein, in accordance with embodiments
of the present disclosure.

While the embodiments described herein are amenable to
various modifications and alternative forms, specifics
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2

thereof have been shown by way of example in the drawings
and will be described in detail. It should be understood,
however, that the particular embodiments described are not
to be taken in a limiting sense. On the contrary, the intention
is to cover all modifications, equivalents, and alternatives
falling within the spirit and scope of the disclosure.

DETAILED DESCRIPTION

Aspects of the present disclosure relate generally to the
field of natural language processing, and in particular, to
natural language processing payload generation. While the
present disclosure is not necessarily limited to such appli-
cations, various aspects of the disclosure can be appreciated
through a discussion of various examples using this context.

There is an immense amount of textual data generated
daily. This data may be unstructured and may contain
complex patterns as a result of differences in languages,
dialects, mediums of generation, and cultural variations.
Natural language processing (NLP) is a field of computer
science focused on processing and understanding this textual
data.

To extract meaningful information from text, NLP sys-
tems often create statistical models using complex algo-
rithms. Such systems typically require expertise to build and
often have demanding computing power requirements. As a
result, NLP systems are frequently offered as cloud-based
services.

In a cloud setting, NLP systems are often developed using
a large amount of training data. However, the training data
may not represent the text patterns sent by customers of the
service, which is critical as the content of the input text
directly affects the quality of the analysis as well as the
runtime characteristics of the NLP system. For cloud-based
services, these variations in runtime performance make it
difficult to understand the scalability of the underlying NL.P
system. That is, the lack of availability of texts at develop-
ment time that collectively represent the distribution of texts
seen while running in production make it difficult to gauge
the performance of the underlying NLP systems accurately,
especially if the NLP system supports multiple text types
(e.g., multiple languages).

In general, it is not advisable to carry out testing on user
data directly, as the storage and use of the customer data may
violate data protection policies (e.g., general data protection
regulation (GDPR)) and/or customer agreements. As such,
there is a need to generate texts representative of different
text types seen by the production service over different
periods of time without directly storing data associated with
customers in an identifiable way.

Aspects of the present disclosure relate to generating NLLP
text payloads. An input text can be received, for example,
where the input text is also (e.g., simultaneously, contem-
poraneously, sequentially, previously, or subsequently)
transmitted to a text processing system (e.g., a cloud based
text processing service). Characterizing information which
describes the text (e.g., contiguous parts of speech, terms
used per part of speech, payload length, etc.) can be
extracted from the input text. A text payload can be gener-
ated using the characterizing information. For example, a
text payload can be generated by generating sentence struc-
ture patterns based on observed contiguous part of speech
patterns (within the characterizing information) and there-
after filling terms into the sentence structure pattern based
on terms associated with parts of speech (within the char-
acterizing information). A performance test can then be run
on the text payload. For example, the performance test can
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mirror NLP algorithms (e.g., sentiment analysis and syntax
analysis) completed by a text processing system that the
input text is simultaneously transmitted to. The performance
test can, in some embodiments, yield a processing time
required to process the text payload. This can be used for the
purpose of improving NLP algorithms within one or more
text processing services.

Aspects of the present disclosure provide various benefits
for NLP text processing. First, by generating text payloads
using characterizing information, the raw text that may
include sensitive data is not actually used to test NLP
algorithms. This can avoid potential issues with data pro-
tection policies and/or customer agreements. Further, by
generating payloads based on text that is also transmitted to
a text service, the data used to test the NLP algorithms may
more closely mirror the characteristics of text that the NLP
algorithms process. This allows more accurate identification
of the performance of the underlying NLP algorithms.

Turning now to the figures, FIG. 1 is a block diagram
illustrating an example computing environment 100 in
which illustrative embodiments of the present disclosure can
be implemented. Computing environment 100 includes a
plurality of devices 105-1, 105-2 . . . 105-N (collectively
devices 105), at least one server 135, and a network 150.

The devices 105 and the server 135 include one or more
processors 115-1, 115-2 . . . 115-N (collectively processors
115) and 145 and one or more memories 120-1, 120-2 . . .
120-N (collectively memories 120) and 155, respectively.
The devices 105 and the server 135 can be configured to
communicate with each other through internal or external
network interfaces 110-1, 110-2 . . . 110-N (collectively
network interfaces 110) and 140. The network interfaces 110
and 140 are, in some embodiments, modems or network
interface cards. The devices 105 and/or the server 135 can be
equipped with a display or monitor. Additionally, the devices
105 and/or the server 135 can include optional input devices
(e.g., akeyboard, mouse, scanner, a biometric scanner, video
camera, or other input device), and/or any commercially
available or custom software (e.g., browser software, com-
munications software, server software, natural language
processing software, search engine and/or web crawling
software, image processing software, etc.). The devices 105
and/or the server 135 can be servers, desktops, laptops,
financial transaction terminals, or hand-held devices.

The devices 105 and the server 135 can be distant from
each other and communicate over a network 150. In some
embodiments, the server 135 can be a central hub from
which devices 105 can establish a communication connec-
tion, such as in a client-server networking model. Alterna-
tively, the server 135 and devices 105 can be configured in
any other suitable networking relationship (e.g., in a peer-
to-peer (P2P) configuration or using any other network
topology).

In some embodiments, the network 150 can be imple-
mented using any number of any suitable communications
media. For example, the network 150 can be a wide area
network (WAN), a local area network (LAN), an internet, or
an intranet. In certain embodiments, the devices 105 and the
server 135 can be local to each other and communicate via
any appropriate local communication medium. For example,
the devices 105 and the server 135 can communicate using
a local area network (LAN), one or more hardwire connec-
tions, a wireless link or router, or an intranet. In some
embodiments, the devices 105 and the server 135 can be
communicatively coupled using a combination of one or
more networks and/or one or more local connections. For
example, the first device 105-1 can be hardwired to the
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4

server 135 (e.g., connected with an Ethernet cable) while the
second device 105-2 can communicate with the server 135
using the network 150 (e.g., over the Internet).

In some embodiments, the network 150 is implemented
within a cloud computing environment or using one or more
cloud computing services. Consistent with various embodi-
ments, a cloud computing environment can include a net-
work-based, distributed data processing system that pro-
vides one or more cloud computing services. Further, a
cloud computing environment can include many computers
(e.g., hundreds or thousands of computers or more) disposed
within one or more data centers and configured to share
resources over the network 150. In some embodiments, the
network 150 may be substantially similar to, or the same as,
cloud computing environment 50 described in FIG. 6.

The server 135 includes a payload generation application
160. The payload generation application 160 can be config-
ured to receive input text that may also be transmitted to a
text processing service (e.g., a cloud-based NLP service).
The payload generation application 160 can be configured to
extract characterizing information from the input text. The
characterizing information can include data that describes
the input text, but is not necessarily the raw input text itself.
For example, the characterizing information can include
information such as learned parameter values associated
with a text generation model (e.g., weights and biases),
extracted text patterns (e.g., frequent contiguous patterns,
such as part of speech patterns), payload distribution infor-
mation (e.g., the distribution of payload lengths processed
by the text processing service, such as word count), terms
associated with parts of speech, and raw text payloads (e.g.,
pre-generated text payloads loaded in an “as-is” basis).

Upon extracting characterizing information from the
input text, the characterizing information can be stored, for
example, in a distributed computing environment, such as a
cloud database. Thereafter, the payload generation applica-
tion 160 can be configured to access the stored character-
izing information such that payloads can be generated using
the characterizing information. In embodiments, the payload
generation application 160 can be configured to filter the
characterizing information, such that only relevant informa-
tion is used for the purpose of generating payloads. There-
after, payloads can be generated using the characterizing
information. As an example, generating payloads can
include creating part of speech (POS) placeholders based on
frequently received contiguous part of speech patterns
apparent within the characterizing information. Thereafter,
the POS placeholders can be filled with terms frequently
associated with each respective part of speech. This example
is depicted in FIG. 4.

Upon generating the payload(s) based on the character-
izing information. The payload generation application 160
can be configured to run performance test(s) for each load-
able payload. This can include running the payload(s)
through one or more NLP text services to receive perfor-
mance metrics (e.g., required processing time) based on
NLP processing. Thereafter, post-processing of the test
results can be completed. This can include applying one or
more data analysis techniques (e.g., cleaning, formatting,
modeling, statistically analyzing, etc.) to the test results.

It is noted that FIG. 1 is intended to depict the represen-
tative major components of an example computing environ-
ment 100. In some embodiments, however, individual com-
ponents can have greater or lesser complexity than as
represented in FIG. 1, components other than or in addition
to those shown in FIG. 1 can be present, and the number,
type, and configuration of such components can vary.
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While FIG. 1 illustrates a computing environment 100
with a single server 135, suitable computing environments
for implementing embodiments of this disclosure can
include any number of servers. The various models, mod-
ules, systems, and components illustrated in FIG. 1 can
exist, if at all, across a plurality of servers and devices. For
example, some embodiments can include two servers. The
two servers can be communicatively coupled using any
suitable communications connection (e.g., using a WAN; a
LAN, a wired connection, an intranet, or the Internet).

Referring now to FIG. 2, shown is an example computing
environment 200 in which illustrative embodiments of the
present disclosure can be implemented. The computing
environment 200 includes a text processing service 210, a
mining engine 215, a cloud storage 220, and a payload
generation and testing module 225. The various components
within computing environment 200 (e.g., mining engine
215, payload generation and testing module 225, etc.) can be
processor executable instructions that can be executed by a
dedicated or shared processor using received inputs.

As depicted in FIG. 2, input text 205 is fed into a text
processing service 210 and a mining engine 215. Any
suitable input text 205 can be received, including unstruc-
tured and structured text. The input text 205 can be any
suitable language, be of any suitable length (e.g., any
number of pages, words, etc.), and be in any suitable format
(e.g., plain text, .doc, .txt, .pdf, etc.). In embodiments,
pre-processing of input text 205 can occur to streamline
ingestion of input text 205 into text processing service 210
and/or mining engine 215.

The text processing service 210 can be any suitable NLP
processing service configured to analyze and classify text.
For example, the text processing service 210 can include
software as a service (SaaS) and open source (OS) applica-
tion programming interfaces (APIs) such as IBM WAT-
SON®, GOOGLE CLOUD® NLP, Monkeylearn, Aylien,
LEXALYTICS®, and others. The text processing service
210 can be configured to perform any number of functions,
including, but not limited to, sentiment analysis (e.g., under-
standing the opinion, feeling, or attitude expressed in text),
entity analysis (e.g., identifying entities within documents
and labeling them by types), entity sentiment analysis,
content classification (e.g., classifying text into predeter-
mined categories), and syntax analysis (e.g., extracting
tokens and sentences, identifying parts of speech, creating
dependency parse trees for sentences, etc.). In embodiments,
text processing service 210 can also include one or more
custom models (e.g., using machine learning techniques).
Further, in embodiments, the text processing services 210
can be configured to perform spatial structured understand-
ing (e.g., using layout and structure information within
formatted text documents to improve analysis). Further still,
text processing service 210 can support large data sets (e.g.,
millions of documents) with multi-language capabilities
(e.g., analyzation of text in various languages such as
English, Spanish, Japanese, Chinese, French, German, Rus-
sian, etc.).

The input text 205 can be simultaneously transmitted to
mining engine 215 which can be configured to extract
characterizing information from the input text 205. The
mining engine 215 may temporarily store input text 205
such that characterizing information describing the input
text 205 can be extracted therefrom. Thereafter, the mining
engine 215 may erase the input text 205 and may store the
characterizing information extracted from the text in a cloud
storage 220. This can be completed such that sensitive text
data (e.g., received from customers) is not stored within
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cloud storage 220, and only data relevant for generating
payloads is stored within cloud storage 220.

Characterizing information extracted from input text can
include information which describes the input text 205 such
as text patterns (e.g., contiguous part of speech patterns),
terms used per part of speech, payload distribution infor-
mation (e.g., the length of the input text 205), pre-generated
text payloads (e.g., loaded in an “as-is” basis, as these may
not be data received from a customer), and learned param-
eters from text generation models (e.g., weights and biases,
sentiment values, entities, syntax information, etc.).

The characterizing information can be stored and orga-
nized within cloud storage 220 in any suitable manner. For
example, characterizing information can be stored in parti-
tions (e.g., classified and stored within portions of memory)
based on input text 205 submissions, based on text type (e.g.,
language), based on data format, based on payload length,
based on observed patterns, based on topic, and others. Data
cleansing and sanitation techniques can be applied to data
stored within cloud storage 220.

A data receiving and filtering module 230 of the payload
generation and testing module 225 can be configured to
access and receive characterizing information stored in
cloud storage 220. The data receiving and filtering module
230 can further be configured to filter the characterizing
information stored within cloud storage 220. For example,
the data receiving and filtering module 230 can be config-
ured to filter characterizing information based on text type
(e.g., language), format, payload length, topic, and observed
patterns, among others.

A payload generation module 235 of the payload genera-
tion and testing module 225 can be configured to generate
loadable payloads 240 using the characterizing information
accessed from cloud storage 220 by the data receiving and
filtering module 230. The payload generation module 235
can generate payloads 240 in any suitable manner. If the
characterizing information is already formatted as pre-gen-
erated loadable payloads, then generating payloads 240 may
be as simple as downloading the characterizing information
including the pre-generated loadable payloads and storing
this information as payloads 240. However, if the charac-
terizing information encodes some representation (e.g., text
patterns, frequently used terms per part of speech, payload
lengths, etc.) of the input text, generating payloads may be
more complex and involve, for example, loading a text
generation model and generating a set of texts matching the
text size distribution seen by the text processing service 210
over a given time interval. An example embodiment of
payload generation module 235 is depicted in FIG. 3.

Upon generating payloads 240, the payloads 240 are fed
into a testing and analysis module 245. The testing and
analysis module 245 includes a performance testing module
250 configured to run performance tests for each loadable
payload. This can include applying NLP techniques on each
payload such as sentiment analysis (e.g., understanding the
opinion, feeling, or attitude expressed in text), entity analy-
sis (e.g., identifying entities within documents and labeling
them by types), entity sentiment analysis, content classifi-
cation (e.g., classifying text into predetermined categories),
and syntax analysis (e.g., extracting tokens and sentences,
identifying parts of speech, creating dependency parse trees
for sentences, etc.). Further, the performance testing module
250 can be configured to determine performance metrics
such as processing speed (e.g., the amount of time required
to run each respective NLP analysis on the payload) asso-
ciated with performing the above NLP techniques. In
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embodiments, the selected performance testing may mirror
one or more NLP algorithms performed by the text process-
ing service 210.

The NLP analysis as well as the associated performance
metrics can then be transmitted to a test result processing
module 255 of the testing and analysis module 245. The test
result processing module 255 can be configured to perform
data analysis techniques on the data received from the
performance testing module. For example, the test result
processing module 255 can be configured to aggregate test
results (e.g., extract a mean value, calculate an average, min,
or max), create a statistic distribution (e.g., a bell curve)
using the test data, cleanse or sanitize the test data, format
the test data (e.g., compile test data into a table or other
format), model the data using algorithms to identify rela-
tionships within the data, and/or other forms of data analy-
sis.

Thereafter, the analysis run on the payloads can be used
to enhance the NLP algorithms integrated within the text
processing service 210, for example, to reduce the amount of
time required for processing input text 205 in the future. For
example, having a better understanding of the performance
characteristics of an NLP algorithm can be useful in deter-
mining the extent to scale the platform on which the NLP
process is served (e.g., container size in a cloud environ-
ment). In embodiments, resource allocation (e.g., processing
power and memory distribution) can be improved for NLP
algorithms as better estimates of the actual size and char-
acteristics of payloads are determined.

It is noted that FIG. 2 is intended to depict the represen-
tative major components of example computing environ-
ment 200. In some embodiments, however, individual com-
ponents can have greater or lesser complexity than as
represented in FIG. 2, components other than or in addition
to those shown in FIG. 2 can be present, and the number,
type, and configuration of such components can vary.

Referring now to FIG. 3, shown is a computing environ-
ment 300 including an example payload generation module
315, in accordance with embodiments of the present disclo-
sure. The various components depicted within computing
environment 300 (e.g., the characterizing information filter-
ing module 310 and the submodules of the payload genera-
tion module 315) can be processor executable instructions
that can be executed by a dedicated or shared processor
using received inputs.

As discussed with respect to FIG. 2, various characteriz-
ing information of textual data can be stored in cloud storage
305 and accessed therefrom for the purpose of generating
NLP payloads 340. A characterizing information filtering
module 310 can be configured to filter characterizing data
within the cloud storage 305 such that the filtered data can
be ingested into payload generation module 315. In the
embodiment depicted in FIG. 3, the characterizing informa-
tion filtering module 310 filters characterizing information
to receive a set of pattern data and a set of term data.

Pattern data can include contiguous part of speech (POS)
patterns present within the data. In embodiments, the con-
tiguous POS patterns can be determined on a sentence by
sentence basis. However, in embodiments contiguous POS
patterns can be determined on any other suitable granularity
(e.g., paragraph by paragraph, page by page, etc.). Addi-
tionally, the pattern data can include the relative frequency
each contiguous POS pattern is observed. Example pattern
data is depicted in table 405 of FIG. 4. Term data can include
terms extracted from characterizing information stored
within cloud storage 305. Additionally, term data can
include frequency of terms used and associated parts of
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speech of each respective term. Example term data is
depicted in table 410 of FIG. 4.

A pattern data receiver 320 of the payload generation
module 315 receives the pattern data from the characterizing
information filtering module 310 and a term data receiver
325 receives the term data from the characterizing informa-
tion filtering module 310. The pattern data receiver 320
forwards the pattern data to a POS placeholder generator
330, which can be configured to generate POS placeholders
for respective payloads. A POS placeholder specifies a
designated part of speech required to be used in a particular
position within a sentence. Thus, by generating POS place-
holders for payloads, the POS sentence structure of a pay-
load can be defined. Example POS placeholder sentence
structures are depicted in table 405 of FIG. 4 (e.g.,
<noun><verb><adjective><noun>).

Upon generating POS placeholders, the POS placeholder
generator 330 forwards the POS placeholder sentence struc-
tures to a term populator 335. The term populator 335 can be
configured to add terms having the designated POS into each
respective placeholder within the POS placeholder sentence
framework. For example, as depicted in FIG. 4, the term
“History” is inserted into the placeholder <noun>, the term
“is” is inserted into the placeholder <verb>, the term “impor-
tant” is inserted into the placeholder <adjective>, and the
term “today” is inserted into the placeholder <noun>. Thus,
the POS placeholder sentence structure (e.g.,
<noun><verb><adjective><noun>) is received by the term
populator 335 and the term populator 335 generates pay-
loads 340 by adding terms into each placeholder (e.g.,
History is important today) based on the term data from the
term data receiver 325.

It is noted that FIG. 3 is intended to depict the represen-
tative major components of example computing environ-
ment 300. In some embodiments, however, individual com-
ponents can have greater or lesser complexity than as
represented in FIG. 3, components other than or in addition
to those shown in FIG. 3 can be present, and the number,
type, and configuration of such components can vary. For
example, the components within payload generation module
315 can vary depending on the characterizing information
used to generate payloads (e.g., based on text type, payload
length, etc.).

Referring now to FIG. 4, shown is a table 405 depicting
example sentence structure patterns, a table 410 depicting
example frequent terms per part of speech, and a table 415
depicting the generation of payloads by populating an
example sentence structure pattern with terms, in accor-
dance with embodiments of the present disclosure.

As depicted in table 405, three example sentence structure
patterns are depicted (e.g., <noun><verb>,
<noun><verb><adjective><noun>, and

<poun><verb><noun><adverb>). Further, the table 405 is
sorted from top to the bottom in order of observed fre-
quency. This can be used when deciding the distribution of
payloads to generate as well as the type of payloads to
generate. For example, in some embodiments, payloads may
only be generated for frequently observed sentence structure
pattern (e.g., based on a threshold value). As another
example, in some embodiments, the distribution of payloads
can be proportional to the frequency of observed sentence
structure patterns. For example, if 10% of sentences have the
sentence structure pattern <noun><verb>, then 10% of pay-
loads can be generated using the sentence structure pattern
<noun><verb>. This is beneficial as the payload composi-
tion can more closely mirror sentence structure patterns fed
into a text processing service.
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As depicted in table 410, frequent terms per part of speech
tag are depicted. The terms, on a part of speech basis, are
ordered in order of frequency from left to right (under the
terms column). Thus, for the POS <noun>, “history” is the
most observed term. Similarly, for the POS <verb>, “is” is
the most observed term. The frequency of terms can be
utilized when generating payloads. For example, only fre-
quently observed terms (e.g., terms which exceed a thresh-
old frequency) may be incorporated into payloads. As
another example, payloads may include terms proportional
to the frequency of observed terms. For example, if the noun
“history” is observed in 2% of noun instances, then history
may be incorporated into 2% POS noun placeholders of
payloads.

As depicted in table 415, example payloads are generated
using the sentence structure pattern
<noun><verb><adjective><noun>. In this example, the
payloads are generated by filling terms within table 410 into
their respective POS placeholder. Three example payloads
are depicted (“History is important today,” “World run large
pattern,” and “Pattern speak important language.”). The
population of terms into placeholders can vary, and may
consider the frequency of terms, other terms used within the
sentence, and other factors.

It is noted that the sentence structure patterns, terms per
part of speech, and populated payloads depicted in tables
405-415 are merely exemplary, and any suitable sentence
structure patterns, terms per part of speech, and/or populated
payloads can be implemented without departing from the
spirit and scope of the present disclosure.

Referring now to FIG. 5, shown is a flow-diagram depict-
ing an example method 500 for generating and testing
payloads based on received input text, in accordance with
embodiments of the present disclosure.

Method 500 initiates at operation 505, where input text is
received. The input text can be the same as, or substantially
similar to, input text 205 described with respect to FIG. 2.
For example, the payload size, text type, format, etc. of the
input text can vary. In embodiments, the input text can be
received as it is simultaneously, contemporaneously,
sequentially, previously, or subsequently transmitted to a
text processing service.

Characterizing information is then extracted from the
input text. This is illustrated at operation 510. Characterizing
information can be the same as, or substantially similar to,
characterizing information described with respect to the
mining engine 215 of FIG. 2 and/or the characterizing
information filtering module 310 of FIG. 3. For example,
characterizing information can include as text patterns (e.g.,
contiguous part of speech patterns), terms used per part of
speech, payload distribution information (e.g., the length of
the input text 205), pre-generated text payloads (e.g., loaded
in as “as-is” basis, as these may not be data received from
a customer), and learned parameters from text generation
models (e.g., weights and biases, sentiment values, entities,
syntax information, etc.).

The characterizing information is then filtered. This is
illustrated at operation 515. The characterizing information
can be filtered in the same as, or a substantially similar
manner as described with respect to the data receiving and
filtering module 230 of FIG. 2 and/or the characterizing
information filtering module 310 of FIG. 3. For example, the
characterizing information can be filtered based on text type
(e.g., language), format, payload length, topic, and observed
patterns, among others.

Text payloads are then generated using the characterizing
information. This is illustrated at operation 520. Generating
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text payloads can be completed in the same, or a substan-
tially similar manner, as described with respect to the
payload generation module 235 of FIG. 2 and/or the payload
generation module 315 of FIG. 3. For example, text pay-
loads can be generated by generating sentence structure
patterns based on observed contiguous part of speech pat-
terns (within the characterizing information) and thereafter
filling terms into the sentence structure pattern based on
terms associated with parts of speech (within the character-
izing information).

Performance tests are then run on each loadable text
payload. This is illustrated at operation 525. Performance
testing can be completed in the same, or a substantially
similar manner as described with respect to the performance
testing module 250 of FIG. 2. For example, performance
testing can include applying NLP techniques on each pay-
load such as sentiment analysis (e.g., understanding the
opinion, feeling, or attitude expressed in text), entity analy-
sis (e.g., identifying entities within documents and labeling
them by types), entity sentiment analysis, content classifi-
cation (e.g., classifying text into predetermined categories),
and syntax analysis (e.g., extracting tokens and sentences,
identifying parts of speech, creating dependency parse trees
for sentences, etc.). Further, performance testing can include
determining performance metrics such as processing speed
(e.g., the amount of time required to run each respective
NLP analysis on the payload) associated with performing the
above-referenced NLP techniques. In embodiments, the
selected performance testing may mirror one or more NLP
algorithms performed by a text processing service that the
input text is also transmitted to.

Post-processing of test results is then performed. This is
illustrated at operation 530. Post-processing of test results
can be completed in the same, or a substantially similar
manner as described with respect to the test result processing
module 255 of FIG. 2. For example, post-processing of test
results can include aggregating test results (e.g., extract a
mean value, calculate an average, min, or max), creating a
statistic distribution (e.g., a bell curve) using the test data,
cleansing or sanitizing the test data, formatting the test data
(e.g., compile test data into a table or other format), mod-
eling the data using algorithms to identify relationships
within the data, and/or applying other forms of data analysis.

Thereafter, though not shown in FIG. 5, the test results
can be used to improve one or more NLP algorithms of text
processing services that the input text is transmitted to. For
example, weights and biases of NLP algorithms can be
adjusted based on the results received at operation 530.

The aforementioned operations can be completed in any
order and are not limited to those described. Additionally,
some, all, or none of the aforementioned operations can be
completed, while still remaining within the spirit and scope
of the present disclosure.

It is to be understood that although this disclosure
includes a detailed description on cloud computing, imple-
mentation of the teachings recited herein are not limited to
a cloud computing environment. Rather, embodiments of the
present disclosure are capable of being implemented in
conjunction with any other type of computing environment
now known or later developed.

Cloud computing is a model of service delivery for
enabling convenient, on-demand network access to a shared
pool of configurable computing resources (e.g., networks,
network bandwidth, servers, processing, memory, storage,
applications, virtual machines, and services) that can be
rapidly provisioned and released with minimal management
effort or interaction with a provider of the service. This cloud
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model may include at least five characteristics, at least three
service models, and at least four deployment models.

Characteristics are as follows:

On-demand self-service: a cloud consumer can unilater-
ally provision computing capabilities, such as server time
and network storage, as needed automatically without
requiring human interaction with the service’s provider.

Broad network access: capabilities are available over a
network and accessed through standard mechanisms that
promote use by heterogeneous thin or thick client platforms
(e.g., mobile phones, laptops, and PDAs).

Resource pooling: the provider’s computing resources are
pooled to serve multiple consumers using a multi-tenant
model, with different physical and virtual resources dynami-
cally assigned and reassigned according to demand. There is
a sense of location independence in that the consumer
generally has no control or knowledge over the exact
location of the provided resources but may be able to specify
location at a higher level of abstraction (e.g., country, state,
or datacenter).

Rapid elasticity: capabilities can be rapidly and elastically
provisioned, in some cases automatically, to quickly scale
out and rapidly released to quickly scale in. To the consumer,
the capabilities available for provisioning often appear to be
unlimited and can be purchased in any quantity at any time.

Measured service: cloud systems automatically control
and optimize resource use by leveraging a metering capa-
bility at some level of abstraction appropriate to the type of
service (e.g., storage, processing, bandwidth, and active user
accounts). Resource usage can be monitored, controlled, and
reported, providing transparency for both the provider and
consumer of the utilized service.

Service Models are as follows:

Software as a Service (SaaS): the capability provided to
the consumer is to use the provider’s applications running on
a cloud infrastructure. The applications are accessible from
various client devices through a thin client interface such as
a web browser (e.g., web-based e-mail). The consumer does
not manage or control the underlying cloud infrastructure
including network, servers, operating systems, storage, or
even individual application capabilities, with the possible
exception of limited user-specific application configuration
settings.

Platform as a Service (PaaS): the capability provided to
the consumer is to deploy onto the cloud infrastructure
consumer-created or acquired applications created using
programming languages and tools supported by the provider.
The consumer does not manage or control the underlying
cloud infrastructure including networks, servers, operating
systems, or storage, but has control over the deployed
applications and possibly application hosting environment
configurations.

Infrastructure as a Service (laaS): the capability provided
to the consumer is to provision processing, storage, net-
works, and other fundamental computing resources where
the consumer is able to deploy and run arbitrary software,
which can include operating systems and applications. The
consumer does not manage or control the underlying cloud
infrastructure but has control over operating systems, stor-
age, deployed applications, and possibly limited control of
select networking components (e.g., host firewalls).

Deployment Models are as follows:

Private cloud: the cloud infrastructure is operated solely
for an organization. It may be managed by the organization
or a third party and may exist on-premises or off-premises.

Community cloud: the cloud infrastructure is shared by
several organizations and supports a specific community that
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has shared concerns (e.g., mission, security requirements,
policy, and compliance considerations). It may be managed
by the organizations or a third party and may exist on-
premises or off-premises.

Public cloud: the cloud infrastructure is made available to
the general public or a large industry group and is owned by
an organization selling cloud services.

Hybrid cloud: the cloud infrastructure is a composition of
two or more clouds (private, community, or public) that
remain unique entities but are bound together by standard-
ized or proprietary technology that enables data and appli-
cation portability (e.g., cloud bursting for load-balancing
between clouds).

A cloud computing environment is service oriented with
a focus on statelessness, low coupling, modularity, and
semantic interoperability. At the heart of cloud computing is
an infrastructure that includes a network of interconnected
nodes.

Referring now to FIG. 6, illustrative cloud computing
environment 50 is depicted. As shown, cloud computing
environment 50 includes one or more cloud computing
nodes 10 with which local computing devices used by cloud
consumers, such as, for example, personal digital assistant
(PDA) or cellular telephone 54A (e.g., devices 105), desktop
computer 54B, laptop computer 54C, and/or automobile
computer system 54N may communicate. Nodes 10 may
communicate with one another. They may be grouped (not
shown) physically or virtually, in one or more networks,
such as Private, Community, Public, or Hybrid clouds as
described hereinabove, or a combination thereof. This
allows cloud computing environment 50 to offer infrastruc-
ture, platforms and/or software as services for which a cloud
consumer does not need to maintain resources on a local
computing device. It is understood that the types of com-
puting devices 54A-N shown in FIG. 6 are intended to be
illustrative only and that computing nodes 10 and cloud
computing environment 50 can communicate with any type
of computerized device over any type of network and/or
network addressable connection (e.g., using a web browser).

Referring now to FIG. 7, a set of functional abstraction
layers provided by cloud computing environment 50 (FIG.
6) is shown. It should be understood in advance that the
components, layers, and functions shown in FIG. 7 are
intended to be illustrative only and embodiments of the
disclosure are not limited thereto. As depicted, the following
layers and corresponding functions are provided:

Hardware and software layer 60 includes hardware and
software components. Examples of hardware components
include: mainframes 61; RISC (Reduced Instruction Set
Computer) architecture based servers 62; servers 63; blade
servers 64; storage devices 65; and networks and networking
components 66. In some embodiments, software compo-
nents include network application server software 67 and
database software 68.

Virtualization layer 70 provides an abstraction layer from
which the following examples of virtual entities may be
provided: virtual servers 71; virtual storage 72; virtual
networks 73, including virtual private networks; virtual
applications and operating systems 74; and virtual clients
75.

In one example, management layer 80 may provide the
functions described below. Resource provisioning 81 pro-
vides dynamic procurement of computing resources and
other resources that are utilized to perform tasks within the
cloud computing environment. Metering and Pricing 82
provide cost tracking as resources are utilized within the
cloud computing environment, and billing or invoicing for
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consumption of these resources. In one example, these
resources may include application software licenses. Secu-
rity provides identity verification for cloud consumers and
tasks, as well as protection for data and other resources. User
portal 83 provides access to the cloud computing environ-
ment for consumers and system administrators. Service level
management 84 provides cloud computing resource alloca-
tion and management such that required service levels are
met. Service Level Agreement (SLA) planning and fulfill-
ment 85 provide pre-arrangement for, and procurement of,
cloud computing resources for which a future requirement is
anticipated in accordance with an SLA.

Workloads layer 90 provides examples of functionality
for which the cloud computing environment may be utilized.
Examples of workloads and functions which may be pro-
vided from this layer include: mapping and navigation 91;
software development and lifecycle management 92; virtual
classroom education delivery 93; data analytics processing
94; transaction processing 95; and payload generation 96.

Referring now to FIG. 8, shown is a high-level block
diagram of an example computer system 801 that may
possibly be utilized in various devices discussed herein (e.g.,
devices 105 and server 135) and that may be used in
implementing one or more of the methods, tools, and
modules, and any related functions, described herein (e.g.,
using one or more processor circuits or computer processors
of the computer), in accordance with embodiments of the
present disclosure. In some embodiments, the major com-
ponents of the computer system 801 may comprise one or
more CPUs 802 (also referred to as processors herein), a
memory 804, a terminal interface 812, a storage interface
814, an /O (Input/Output) device interface 816, and a
network interface 818, all of which may be communica-
tively coupled, directly or indirectly, for inter-component
communication via a memory bus 803, an I/O bus 808, and
an I/O bus interface unit 810.

The computer system 801 may contain one or more
general-purpose programmable central processing units
(CPUs) 802A, 802B, 802C, and 802D, herein generically
referred to as the CPU 802. In some embodiments, the
computer system 801 may contain multiple processors typi-
cal of a relatively large system; however, in other embodi-
ments the computer system 801 may alternatively be a single
CPU system. Each CPU 802 may execute instructions stored
in the memory subsystem 804 and may include one or more
levels of on-board cache.

Memory 804 may include computer system readable
media in the form of volatile memory, such as random-
access memory (RAM) 822 or cache memory 824. Com-
puter system 801 may further include other removable/non-
removable, volatile/non-volatile computer system storage
media. By way of example only, storage system 826 can be
provided for reading from and writing to a non-removable,
non-volatile magnetic media, such as a “hard-drive.”
Although not shown, a magnetic disk drive for reading from
and writing to a removable, non-volatile magnetic disk (e.g.,
a “floppy disk™), or an optical disk drive for reading from or
writing to a removable, non-volatile optical disc such as a
CD-ROM, DVD-ROM or other optical media can be pro-
vided. In addition, memory 804 can include flash memory,
e.g., a flash memory stick drive or a flash drive. Memory
devices can be connected to memory bus 803 by one or more
data media interfaces. The memory 804 may include at least
one program product having a set (e.g., at least one) of
program modules that are configured to carry out the func-
tions of various embodiments.
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One or more programs/utilities 828, each having at least
one set of program modules 830 may be stored in memory
804. The programs/utilities 828 may include a hypervisor
(also referred to as a virtual machine monitor), one or more
operating systems, one or more application programs, other
program modules, and program data. Each of the operating
systems, one or more application programs, other program
modules, and program data or some combination thereof,
may include an implementation of a networking environ-
ment. Programs 828 and/or program modules 830 generally
perform the functions or methodologies of various embodi-
ments.

Although the memory bus 803 is shown in FIG. 8 as a
single bus structure providing a direct communication path
among the CPUs 802, the memory 804, and the 1/O bus
interface 810, the memory bus 803 may, in some embodi-
ments, include multiple different buses or communication
paths, which may be arranged in any of various forms, such
as point-to-point links in hierarchical, star or web configu-
rations, multiple hierarchical buses, parallel and redundant
paths, or any other appropriate type of configuration. Fur-
thermore, while the I/O bus interface 810 and the I/O bus
808 are shown as single respective units, the computer
system 801 may, in some embodiments, contain multiple /O
bus interface units 810, multiple /O buses 808, or both.
Further, while multiple /O interface units are shown, which
separate the /O bus 808 from various communications paths
running to the various /O devices, in other embodiments
some or all of the /O devices may be connected directly to
one or more system [/O buses.

In some embodiments, the computer system 801 may be
a multi-user mainframe computer system, a single-user
system, or a server computer or similar device that has little
or no direct user interface, but receives requests from other
computer systems (clients). Further, in some embodiments,
the computer system 801 may be implemented as a desktop
computer, portable computer, laptop or notebook computer,
tablet computer, pocket computer, telephone, smart phone,
network switches or routers, or any other appropriate type of
electronic device.

It is noted that FIG. 8 is intended to depict the represen-
tative major components of an exemplary computer system
801. In some embodiments, however, individual compo-
nents may have greater or lesser complexity than as repre-
sented in FIG. 8, components other than or in addition to
those shown in FIG. 8 may be present, and the number, type,
and configuration of such components may vary.

As discussed in more detail herein, it is contemplated that
some or all of the operations of some of the embodiments of
methods described herein can be performed in alternative
orders or may not be performed at all; furthermore, multiple
operations can occur at the same time or as an internal part
of a larger process.

The present disclosure can be a system, a method, and/or
a computer program product. The computer program prod-
uct can include a computer readable storage medium (or
media) having computer readable program instructions
thereon for causing a processor to carry out aspects of the
present disclosure.

The computer readable storage medium can be a tangible
device that can retain and store instructions for use by an
instruction execution device. The computer readable storage
medium can be, for example, but is not limited to, an
electronic storage device, a magnetic storage device, an
optical storage device, an electromagnetic storage device, a
semiconductor storage device, or any suitable combination
of the foregoing. A non-exhaustive list of more specific
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examples of the computer readable storage medium includes
the following: a portable computer diskette, a hard disk, a
random access memory (RAM), a read-only memory
(ROM), an erasable programmable read-only memory
(EPROM or Flash memory), a static random access memory
(SRAM), a portable compact disc read-only memory (CD-
ROM), a digital versatile disk (DVD), a memory stick, a
floppy disk, a mechanically encoded device such as punch-
cards or raised structures in a groove having instructions
recorded thereon, and any suitable combination of the fore-
going. A computer readable storage medium, as used herein,
is not to be construed as being transitory signals per se, such
as radio waves or other freely propagating electromagnetic
waves, electromagnetic waves propagating through a wave-
guide or other transmission media (e.g., light pulses passing
through a fiber-optic cable), or electrical signals transmitted
through a wire.

Computer readable program instructions described herein
can be downloaded to respective computing/processing
devices from a computer readable storage medium or to an
external computer or external storage device via a network,
for example, the Internet, a local area network, a wide area
network and/or a wireless network. The network can com-
prise copper transmission cables, optical transmission fibers,
wireless transmission, routers, firewalls, switches, gateway
computers, and/or edge servers. A network adapter card or
network interface in each computing/processing device
receives computer readable program instructions from the
network and forwards the computer readable program
instructions for storage in a computer readable storage
medium within the respective computing/processing device.

Computer readable program instructions for carrying out
operations of the present disclosure can be assembler
instructions, instruction-set-architecture (ISA) instructions,
machine instructions, machine dependent instructions,
microcode, firmware instructions, state-setting data, or
either source code or object code written in any combination
of one or more programming languages, including an object
oriented programming language such as Smalltalk, C++ or
the like, and conventional procedural programming lan-
guages, such as the “C” programming language or similar
programming languages. The computer readable program
instructions can execute entirely on the user’s computer,
partly on the user’s computer, as a stand-alone software
package, partly on the user’s computer and partly on a
remote computer or entirely on the remote computer or
server. In the latter scenario, the remote computer can be
connected to the user’s computer through any type of
network, including a local area network (LAN) or a wide
area network (WAN), or the connection can be made to an
external computer (for example, through the Internet using
an Internet Service Provider). In some embodiments, elec-
tronic circuitry including, for example, programmable logic
circuitry, field-programmable gate arrays (FPGA), or pro-
grammable logic arrays (PLA) can execute the computer
readable program instructions by utilizing state information
of'the computer readable program instructions to personalize
the electronic circuitry, in order to perform aspects of the
present disclosure.

Aspects of the present disclosure are described herein
with reference to flowchart illustrations and/or block dia-
grams of methods, apparatus (systems), and computer pro-
gram products according to embodiments of the disclosure.
It will be understood that each block of the flowchart
illustrations and/or block diagrams, and combinations of

25

35

40

45

16

blocks in the flowchart illustrations and/or block diagrams,
can be implemented by computer readable program instruc-
tions.

These computer readable program instructions can be
provided to a processor of a general purpose computer,
special purpose computer, or other programmable data pro-
cessing apparatus to produce a machine, such that the
instructions, which execute via the processor of the com-
puter or other programmable data processing apparatus,
create means for implementing the functions/acts specified
in the flowchart and/or block diagram block or blocks. These
computer readable program instructions can also be stored in
a computer readable storage medium that can direct a
computer, a programmable data processing apparatus, and/
or other devices to function in a particular manner, such that
the computer readable storage medium having instructions
stored therein comprises an article of manufacture including
instructions which implement aspects of the function/act
specified in the flowchart and/or block diagram block or
blocks.

The computer readable program instructions can also be
loaded onto a computer, other programmable data process-
ing apparatus, or other device to cause a series of operational
steps to be performed on the computer, other programmable
apparatus or other device to produce a computer imple-
mented process, such that the instructions which execute on
the computer, other programmable apparatus, or other
device implement the functions/acts specified in the flow-
chart and/or block diagram block or blocks.

The flowchart and block diagrams in the Figures illustrate
the architecture, functionality, and operation of possible
implementations of systems, methods, and computer pro-
gram products according to various embodiments of the
present disclosure. In this regard, each block in the flowchart
or block diagrams can represent a module, segment, or
portion of instructions, which comprises one or more
executable instructions for implementing the specified logi-
cal function(s). In some alternative implementations, the
functions noted in the block can occur out of the order noted
in the figures. For example, two blocks shown in succession
may, in fact, be accomplished as one step, executed concur-
rently, substantially concurrently, in a partially or wholly
temporally overlapping manner, or the blocks may some-
times be executed in the reverse order, depending upon the
functionality involved. It will also be noted that each block
of the block diagrams and/or flowchart illustration, and
combinations of blocks in the block diagrams and/or flow-
chart illustration, can be implemented by special purpose
hardware-based systems that perform the specified functions
or acts or carry out combinations of special purpose hard-
ware and computer instructions.

The terminology used herein is for the purpose of describ-
ing particular embodiments only and is not intended to be
limiting of the various embodiments. As used herein, the
singular forms “a,” “an,” and “the” are intended to include
the plural forms as well, unless the context clearly indicates
otherwise. It will be further understood that the terms
“includes” and/or “including,” when used in this specifica-
tion, specify the presence of the stated features, integers,
steps, operations, elements, and/or components, but do not
preclude the presence or addition of one or more other
features, integers, steps, operations, elements, components,
and/or groups thereof. In the previous detailed description of
example embodiments of the various embodiments, refer-
ence was made to the accompanying drawings (where like
numbers represent like elements), which form a part hereof,
and in which is shown by way of illustration specific
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example embodiments in which the various embodiments
can be practiced. These embodiments were described in
sufficient detail to enable those skilled in the art to practice
the embodiments, but other embodiments can be used, and
logical, mechanical, electrical, and other changes can be
made without departing from the scope of the various
embodiments. In the previous description, numerous spe-
cific details were set forth to provide a thorough understand-
ing the various embodiments. But the various embodiments
can be practiced without these specific details. In other
instances, well-known circuits, structures, and techniques
have not been shown in detail in order not to obscure
embodiments.

Different instances of the word “embodiment” as used
within this specification do not necessarily refer to the same
embodiment, but they can. Any data and data structures
illustrated or described herein are examples only, and in
other embodiments, different amounts of data, types of data,
fields, numbers and types of fields, field names, numbers and
types of rows, records, entries, or organizations of data can
be used. In addition, any data can be combined with logic,
so that a separate data structure may not be necessary. The
previous detailed description is, therefore, not to be taken in
a limiting sense.

The descriptions of the various embodiments of the
present disclosure have been presented for purposes of
illustration, but are not intended to be exhaustive or limited
to the embodiments disclosed. Many modifications and
variations will be apparent to those of ordinary skill in the
art without departing from the scope and spirit of the
described embodiments. The terminology used herein was
chosen to best explain the principles of the embodiments, the
practical application or technical improvement over tech-
nologies found in the marketplace, or to enable others of
ordinary skill in the art to understand the embodiments
disclosed herein.

Although the present disclosure has been described in
terms of specific embodiments, it is anticipated that altera-
tions and modification thereof will become apparent to the
skilled in the art. Therefore, it is intended that the following
claims be interpreted as covering all such alterations and
modifications as fall within the true spirit and scope of the
disclosure.

What is claimed is:

1. A method comprising:

receiving an input text that is also transmitted to a text
processing service;

extracting characterizing information from the input text;

generating a text payload using the characterizing infor-
mation;

running a performance test on the text payload, wherein
running the performance test includes performing at
least one selected from a group consisting of: sentiment
analysis on the text payload, entity analysis on the text
payload, content classification on the text payload, and
syntax analysis on the text payload, wherein the per-
formance test yields a processing time required to
perform the performance test; and

altering memory and processing power resource alloca-
tion to the text processing service based on the pro-
cessing time of the performance test.

2. The method of claim 1, wherein generating the text

payload using the characterizing information includes:

generating a sentence structure pattern based on contigu-
ous part of speech patterns within the characterizing
information; and
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filling terms into the sentence structure pattern based on

parts of speech associated with respective terms.

3. The method of claim 2, wherein the generated sentence
structure patterns are based on a frequency that sentence
structure patterns are used as indicated in the characterizing
information, and wherein the terms filled into the sentence
structure patterns are based on a frequency of terms used as
indicated in the characterizing information.

4. The method of claim 1, wherein characterizing infor-
mation includes a language of the input text, contiguous part
of speech patterns within the input text, and terms used per
part of speech.

5. A system comprising:

a memory storing program instructions; and

a processor, wherein the processor is configured to

execute the program instructions to perform a method
comprising:

receiving an input text that is also transmitted to a text

processing service;

extracting characterizing information from the input text;

generating a text payload using the characterizing infor-

mation;

running a performance test on the text payload, wherein

running the performance test includes performing at
least one selected from a group consisting of: sentiment
analysis on the text payload, entity analysis on the text
payload, content classification on the text payload, and
syntax analysis on the text payload, wherein the per-
formance test yields a processing time required to
perform the performance test; and

altering memory and processing power resource alloca-

tion to the text processing service based on the pro-
cessing time of the performance test.

6. The system of claim 5, wherein generating the text
payload using the characterizing information includes:

generating a sentence structure pattern based on contigu-

ous part of speech patterns within the characterizing
information; and

filling terms into the sentence structure pattern based on

parts of speech associated with respective terms.

7. The system of claim 6, wherein the generated sentence
structure patterns are based on a frequency that sentence
structure patterns are used as indicated in the characterizing
information, and wherein the terms filled into the sentence
structure patterns are based on a frequency of terms used as
indicated in the characterizing information.

8. The system of claim 5, wherein characterizing infor-
mation includes a language of the input text, contiguous part
of speech patterns within the input text, and terms used per
part of speech.

9. A computer program product comprising a computer
readable storage medium having program instructions
embodied therewith, the program instructions executable by
a processor to cause the processor to perform a method
comprising:

receiving an input text that is also transmitted to a text

processing service;

extracting characterizing information from the input text;

generating a text payload using the characterizing infor-

mation;

running a performance test on the text payload, wherein

running the performance test includes performing at
least one selected from a group consisting of: sentiment
analysis on the text payload, entity analysis on the text
payload, content classification on the text payload, and
syntax analysis on the text payload, wherein the per-
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formance test yields a processing time required to
perform the performance test; and

altering memory and processing power resource alloca-

tion to the text processing service based on the pro-
cessing time of the performance test.

10. The computer program product of claim 9, wherein
generating the text payload using the characterizing infor-
mation includes:

generating a sentence structure pattern based on contigu-

ous part of speech patterns within the characterizing
information; and

filling terms into the sentence structure pattern based on

parts of speech associated with respective terms.

11. The computer program product of claim 10, wherein
the generated sentence structure patterns are based on a
frequency that sentence structure patterns are used as indi-
cated in the characterizing information, and wherein the
terms filled into the sentence structure patterns are based on
a frequency of terms used as indicated in the characterizing
information.

12. The computer program product of claim 9, wherein
characterizing information includes a language of the input
text, contiguous part of speech patterns within the input text,
and terms used per part of speech.

13. The computer program product of claim 9, wherein
the text processing service is a cloud based application
programming interface (API).
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